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Abstract— E-commerce is on the rise now and buying from 

E-commerce websites has become second nature to people. 

The ease of being able to compare different products and 

getting a general opinion of the product from user reviews 

has encouraged people to buy more products from E-

commerce websites. Generally, a popular E-commerce 

website showcases thousands of products which gives a wide 

range of choice for the user. If a user needs to purchase a 

product, he/she would have to go through lot of reviews 

which can be time consuming. On an average, a product 

tends to have at least 50 reviews, and if the product is very 

popular, the review count ranges from 100 to 1000. – To 

make it easy for users to decide if the product is right for 

them or not, we have proposed a design methodology and 

built a tool to get the reviews of the products from which 

explicit features are extracted and analyzed. To do this, we 

use the Association Rule Mining (ARM) technique. 

Association rules are created by analyzing the review dataset 

and identifying frequent features. Using the criteria support 

and confidence we extract the frequent features. With the 

extracted frequent features, we classify the review sentences 

containing these features as positive or negative. Then the 

opinion words are extracted and classified either as positive 

or negative using a seed list which contains positive and 

negative words relevant to the product domain. With this 

system, the user need not go through thousands of reviews as 

our tool extracts the relevant review sentences containing the 

frequent features which are classified either as positive or 

negative for user viewing. 
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I. INTRODUCTION 

The motive of this paper can be summarized as 'To identify 

the explicit features of any product from user reviews 

obtained from popular E-commerce websites and then to 

classify the product reviews relevant to that feature as 

positive or negative.' 

The urge to buy products in E-commerce is driven 

by the number of users buying the product with the help of 

user reviews. It enables people to compare different 

products. Now, when it comes to comparing products, only 

a few people compare purely based on the specifications of 

the products, whereas the majority compare it in terms of 

user reviews. For example, if a person needs to buy a phone, 

to find out whether a particular phone is good or bad, the 

person needs to go through lot of reviews. By doing so, they 

are forced to read some irrelevant reviews which are not 

actually about the features of the product. And the 

Users/Customers can only get a vague and unclear idea on 

the product by reading all these reviews. We wanted to 

reduce this overhead on the user and provide a clear idea of 

the product to the user. 

On the whole, we reduce the load of the user and 

prevent the user from missing out older reviews which 

might be important and reducing the time spent in reading 

irrelevant reviews. We analyze the reviews and extract the 

explicit features of the product and then generate a ranking 

system based on user opinions on the extracted features. 

In this paper, we have discussed the design 

methodology and the implementation technique followed to 

achieve maximum accuracy. We have mentioned the use of 

various tools and techniques used to implement the design. 

We have also developed a prototype of the system 

with the implementation techniques discussed. 

II. BACKGROUND AND RELATED WORK 

There has been a lot of research going on in the field of user 

review analysis. There is also extensive research going on in 

the field of data mining. We have developed a system which 

uses an effective data mining technique on user review 

analysis. The background of how this design emerged and 

the related work is discussed in this section of the paper. 

Many researchers use sentiment analysis 

techniques to analyze product reviews [1]. The objective is 

realized by identifying a set of potential features in the 

review and extracting opinion expressions about those 

features by the use of sentiment analysis techniques. 

The key factor that affects the quality of any review 

analysis technique is the handling of noun phrases in the 

reviews. A research suggests that some domain nouns and 

noun phrases that indicate product features may also imply 

opinions. Identifying such nouns and noun phrases and their 

polarities by determining the surrounding sentiment context 

of each noun feature produces a list of candidate features 

with opinions [2]. 

Comparative sentences are very common in 

product reviews. Reference [3] describes a text mining 

problem, comparative sentence mining which expresses an 

ordering relation between two sets of entities with respect to 

some common features. The task of comparative sentence 

mining is (1) to identify comparative sentences from the 

texts and (2) to extract comparative relations from the 

identified comparative sentences. They proposed two novel 

techniques based on two new types of sequential rules to 

perform the tasks. The classification of comparatives is also 

shown clearly as gradable when the comparatives are based 

on relations and non-gradable when the comparatives 

express implicit comparison. 

III. DESIGN AND IMPLEMENTATION 

We have divided the entire system into 5 subsections which 

can act independent of each other. 

A. Review Crawler 

The first step is getting the review sets from e-commerce 

websites. Unless an API is provided for fetching this data, 

the most suitable and easy way of getting the reviews is 

using a web crawler. We start with product category page of 
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an e-commerce website and crawl to fetch the URLs which 

match the domain name and product URI. Most websites 

use pagination to limit the data retrieved from their server. 

Once the user reaches the end of the content, new content is 

retrieved from the server. 

 
Fig. 1: Review Crawler 

We handled this case and designed a crawler which 

will allow us to set the pagination value. The crawler runs 

until all reviews are retrieved. We can also configure the 

crawler to retrieve only selected number of reviews. Now, 

once we run the crawler we will have the dataset required 

for further processing. 

The following steps are followed to implement the 

crawler 

1) Set the domain name, product URI, pagination value, 

URL pattern, review count. 

2) Run a URL crawl on the product category page. 

3) Store the retrieved URLs in a database. 

4) Fetch each URL and retrieve the HTML source. 

5) Parse the retrieved HTML source into a DOM tree 

(using Beautiful soup python implementation). This 

allows us to do efficient processing. 

6) Find suitable search methodology. We have chosen 

CSS classes as the most suited search parameter for 

web sources. This is due to the fact that web 

developers use CSS classes to style similar content. So 

identifying the CSS class name of a single review will 

take us through the entire website crawling without any 

hassles. 

7) Store the reviews in the database. 

B. Extraction of relevant features 

Relevant feature is a feature which satisfies all of the 

following conditions: 

 It describes something about the product. 

 A minimum percentage of reviewers (also called as 

support) speaks about the feature. 

 It is not subjective (ex: The phone looks good.) It is 

relevant to the domain of the product. 

 It is quantifiable by some measure (ex: Battery life by 

standby time.) 

 It shouldn’t be about any accessories of the product 

(ex: This phone doesn’t come with a screen guard.) 

The initial filtering is done using noun-phrase 

extraction. That is, to obtain the noun phrases from the 

review sentences. To do this, we use a particular technique 

called as noun phrase extraction using Natural Language 

Processing. The following steps are followed to achieve this. 

1) Tokenization: The review sentence is split up into 

individual words. 

2) Ambiguity look-up: This is to use lexicon and a 

guesser for unknown words. 

3) Ambiguity Resolution: This is also called 

disambiguation. Disambiguation is based on 

information about word such as the probability of the 

word or the product domain. Disambiguation is also 

based on contextual information or word/tag 

sequences. 

4) POS tagging: Tag the relevant parts of speech using a 

natural language processing tool (We used NLTK 

(Natural Language Tool Kit), a python library 

containing natural language processing algorithms). 

Extract the frequent features by setting up a support 

value which is essentially the probability value. 

 
Fig 2: Extraction of Relevant feature 

Figure 2 shows the variation in relevant feature 

estimation accuracy based on database size. This estimation 

is relevant to any database that contains categorical content. 

This concept is discussed in detail in [4]. 

C. Feature pruning with Association Rule Mining 

Proposed by Agrawal et al in 1993. It is an important data 

mining model studied extensively by the database and data 

mining community. ARM assumes all data are categorical. 

Initially used for Market Basket Analysis to find how items 

purchased by customers are related. It is the process of 

finding interesting correlations, frequent patterns or 

associations among sets of items in the transaction 

databases, relational databases or other information 

repositories. An association rule is an expression in the form 

of X⇒Y, where X and Y are set of items called item sets 

and intersection of X and Y is null. 

Association rule mining tends to produce a large 

number of rules. The goal is to find the rules that are useful 

in identifying the most relevant product features. There are 

two important basic measures for association rules: Support 

and Confidence. Usually thresholds of support and 

confidence are predefined to drop those rules that are not so 

interesting or useful. The two thresholds are called 

minimum support and minimum confidence respectively [4]. 
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Support is the percent of the transactions (reviews) 

that contain X U Y (i.e. both X and Y) to the total number of 

transactions (reviews) in database (review dataset). Here X 

and Y are the product features extracted in the previous step. 

Suppose the support of a product feature is set as 0.1%, it 

means only 0.1 percent of the transactions (reviews) contain 

that item. 

Confidence is the percent of the transactions 

(reviews) that contain X U Y to the total number of 

transactions that contain X. Here X and Y are the product 

features extracted in the previous step. Suppose the 

confidence of the association rule X⇒Y is 70%, it means 

that 70% of the transactions (reviews) that contain X (first 

product feature) also contain Y (second product feature). A 

good example of such a feature set is 'screen' and 'quality'. 

Usage of ARM in our context and our goals: 

 Use ARM on the extracted noun phrases and create a 

set of associated features. 

 Each set of associated feature (also called as a rule) 

will contain a confidence value set to it using Apriori 

algorithm [5]. 

 Find all rules that satisfy the minimum support and 

minimum confidence whose values are specified based 

on the database size and product category. 

 The rules which satisfy the specified conditions will be 

considered as relevant features. 

 
Fig. 3: Association Rule Mining 

Conclusions from the above graph: 

 It is important to set the support value based on the 

number of reviews and average size of the reviews. 

 Small variations in support value can greatly affect the 

final confidence values. 

D. Classifying review sentences containing frequent 

features 

Once the frequent features are extracted the review 

sentences containing them has to be classified as either 

positive or negative. 

Since the frequent features extracted are nouns, and 

adjectives are words that modify a noun in a sentence that 

would determine the orientation the frequent feature would 

take (either positive or negative), we first extract the 

adjectives from the reviews. From this we extract the 

adjective to be classified. We do this for all the review 

sentences to obtain all the adjectives that might decide the 

orientation of the frequent features. 

We build a seed list of positive and negative words 

which would be used to classify the adjectives which are 

present in the seed list as either positive or negative. This 

seed list consists of words like good, easy, satisfied etc. as 

positive words and words like bad, pathetic, problem etc. as 

negative words. 

 
Fig. 4: Flow graph 

To classify the words not present in the seed list, 

we used Wordnet. Wordnet is a lexical database for the 

English language and it groups English words into sets of 

synonyms called synsets. Synsets are groups of data 

elements that are considered semantically equivalent. NLTK 

incorporates Wordnet. Using this we find the synsets of the 

words present in the seed list and classify the adjectives as 

either positive or negative. 

IV. OBSERVATION AND RESULTS 

We chose a product which consisted of 395 reviews from 

which 10 explicit features and 331 review sentences 

containing the most frequent features were extracted for 

classification. 

Features 

Machine 

Classified as 

Positive 

Machine 

Classified as 

Negative 

quality 18 4 

service 22 3 

performance 9 3 

price 35 7 

screen 20 6 

heating 11 20 

battery 21 16 

camera 20 2 

display 26 1 

phone 63 24 

Table 1: Results 
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The above table shows how each frequent feature 

which is extracted using Apriori was classified by the 

machine. 

To calculate the accuracy of our tool we manually 

classified each review sentence for the chosen product to 

check if the output given by our tool tallies with the actual 

human classification. Doing so, we obtained the following 

table: 

 Human Human 

 Interpreted Interpreted 

 Positive Negative 

Machine   

Interpreted   

Positive 207 32 

Machine   

Interpreted   

Negative 35 57 

Table 2: Classified each review sentence 

From the above table we can see that 207 review 

sentences has been interpreted as positive by both and 57 

review sentences has been interpreted as negative by both. 

There has been a mismatch in the interpretation of 67 review 

sentence hence our tool has an accuracy of 79.75%. 

V. CONCLUSION AND FUTURE WORK 

Our tool helps in providing a summary of the frequent 

features from the user reviews of a product. Thus the need 

for going through thousands of long reviews is eliminated. 

The user can view the summarized version using our tool. 

Our tool also classifies the review sentences as either 

positive or negative which helps the user to quickly go 

through the pros and cons of buying the product. 

Our tool with which users can view summarized 

reviews, was created based on the user reviews for products 

on flipkart.com. We plan on crawling reviews from multiple 

E-commerce websites which would widen the spectrum 

from which the user can see the reviews for the frequent 

features. 

Crawling from multiple website would be a time 

consuming process if only one thread processes the reviews. 

We plan on parallelizing with the help of which crawling 

from multiple E-commerce websites would be much faster. 

This can be done either by using the concepts of multi-

threading or map reduce where multiple systems can be used 

to crawl from different E-commerce websites. 

Our tool can also be incorporated into various e-

commerce platforms to enable a much better user 

experience. 
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